Abstract-Floods are among the most destructive natural disasters worldwide. In flood disaster management programs, flood mapping is an initial step. This research proposes an efficient methodology to recognize and map flooded areas by using TerraSAR-X imagery. First, a TerraSAR-X satellite image was captured during a flood event in Kuala Terengganu, Malaysia, to map the inundated areas. Multispectral Landsat imagery was then used to detect water bodies prior to the flooding. In synthetic aperture radar (SAR) imagery, the water bodies and flood locations appear in black; thus, both objects were classified as one. To overcome this drawback, the class of the water bodies was extracted from the Landsat image and then subtracted from that extracted from the TerraSAR-X image. The remaining water bodies represented the flooded locations. Object-oriented classification and Taguchi method were implemented for both images. The Landsat images were categorized into three classes, namely, urban, vegetation, and water bodies. By contrast, only water bodies were extracted from the TerraSAR-X image. The classification results were then evaluated using a confusion matrix. To examine the efficiency of the proposed method, iterative self-organizing data analysis technique (ISODATA) classification method was applied on TerraSAR-X after employing the segmentation process during object-oriented-rule-based method, and the results were compared. The overall accuracy values of the classified maps derived from TerraSAR-X using the rule-based method and Landsat imagery were 86.18 and 93.04, respectively. Consequently, the flooded locations were recognized and mapped by subtracting the two classes of water bodies from these images. The acquired overall accuracy for TerraSAR-X using ISODATA was considerably low at only 57.98. The current research combined the methods and the optimization technique used as an innovative flood detection application. The successful production of a reliable and accurate flood inventory map confirmed the efficiency of the methodology. Therefore, the proposed method can assist researchers and planners in implementing and expediting flood inventory mapping.
I. INTRODUCTION
A PPROXIMATELY 4% of the land on the planet is covered by wetland ecosystems [1] . Most of these wetlands are floodplain and are located in tropical countries [2] . Every year, floods occur with increasing frequency and heavily damage lives and properties [3] . Floods can be managed efficiently through flood susceptibility, hazard, and risk mapping [4] , [5] which is based on the identification of flooded areas [6] . Moreover, the reliability of a flood inventory map directly influences the generation of susceptibility and hazard maps [7] . Therefore, the method used to determine flood locations should be accurate. Flood detection analysis should also be rapid [8] because floods can subside quickly in an inundated area. Thus, researchers have limited time with which to map all of the locations. Fieldwork is unsuitable for such analysis given onsite challenges and difficulties [9] . It is time-consuming and costly, which is not practical for real-time studies [10] . Flood happens over a large area, thus making it difficult to reach all those areas as they will not stay for long duration [11] . Furthermore, traditional hydrological methods, such as gauge and discharge measurements, have some weak points to monitor and map flood locations because of the temporal and spatial heterogeneity of large wetlands [1] . The launch of various satellites and sensors has revolutionized the monitoring, evaluation, and prediction of natural disasters [12] . Moreover, flood detection has improved considerably because of the availability of multitemporal data, the increased spatial resolution, the development of change detection algorithms, and the incorporation of remote sensing techniques [13] .
Visual interpretation is a popular method to detect flood locations. Reference [14] investigated the efficiency of this method using European remote sensing satellite data. The flood boundary was derived using automatic classification techniques. The results showed that visual interpretation is more accurate than satellite analysis. However, this finding is attributed to the poor resolution of the satellite data and the limitation of the technology and of computing software at the time. The recent access to a wide range of software, very high resolution satellite imagery, and active and passive sensors facilitate the collection of data and the analysis and mapping of flood events within a few hours [15] . By contrast, the visual interpretation of satellite images is a time-consuming, inaccurate, and costly method. It is based on expert knowledge; therefore, it can be erroneous [16] .
All of the optical images are unsuitable for flood detection applications [6] , [17] because clouds usually cover the sky during a flood event, thereby limiting the observational capability of these optical sensors. Some of these sensors are incapable of penetrating the cloud cover, and they are highly affected by weather conditions. Thus, they have been replaced by active sensors, which are unaffected by sun illumination and atmospheric conditions [18] . Moreover, synthetic aperture radar (SAR) signals can penetrate vegetation and forest [19] . These sensors can operate both day and night and can highlight different aspects of a single terrain because of their single-or multipolarized capability. Furthermore, the flooded areas under vegetation can also be detected using specific SAR imageries [20] . Therefore, SAR imagery has much potential application in flood studies [21] .
Researchers have assessed various techniques to map flooding events, and each technique has its pros and cons [18] , [22] and [23] . For instance, the threshold segmentation algorithm or histogram thresholding is a simple but widely used and effective method to generate a binary image [22] . Reference [24] utilized this algorithm to map the extent of flooding in the Dongting Area of Hunan Province based on RADARSAT-1 imagery. Reference [1] mapped flood locations by a split-based automatic thresholding procedure on high-resolution TerraSAR-X data of southwest England, particularly at the River Severn, U.K. They stated that object-based context-sensitive thresholding is proven superior to pixel-based context-insensitive procedures owing to the addition of spatial information to the pure spectral information derived from histogram thresholding. The effectiveness of thresholding procedures for floodplain recognition with SAR sensors depends on the contrast between the flooded and nonflooded regions. Therefore, thresholding is sensitive to low-contrast images. However, this method is limited because it is tailored to each satellite scene, i.e., it is usually based on visual interpretation. Moreover, its procedure is manual and time-consuming [22] . The extent of flooding in an area can also be mapped by active contour modeling. Reference [23] applied this method to single-frequency and single-polarization SAR images to map the flood locations in Thames, which is west of Oxford, U.K. This method is advantageous because it limits the noise caused by SAR speckle. However, this method can only be used by a researcher with a priori knowledge of the statistical properties of images. Moreover, the method is hindered by local minima and is inaccurate when the initial selected contour is simple or is far from the object boundary.
Flood areas can be extracted from multipass SAR data through amplitude change detection techniques or the generation of a coherence map [25] . The amplitude change detection method compares two SAR images of the same scene: one captured prior to flooding and the other during or immediately after the event. Subsequently, the water-filled zones can be detected by determining the regions with reduced backscatter. However, amplitude change detection techniques are limited by their difficulty and by the significant amount of time required to classify at least two SAR data [25] . SAR interferometry should be conducted to produce a coherence map; however, this technique is often difficult to understand and interpret [26] . The generation of a coherence map is also complex and disadvantageous; for instance, it requires ground data and two precisely coregistered SAR images [27] . The ground data distinguish flooded areas from other low-coherence zones.
The SAR backscatter model from a river flood assumes that the water surface is smoother than the adjacent land and is a specular reflector that reflects radiation from a sensor. Therefore, the water appears darker than the land [23] . Paddy fields, part of the mountain facing away from the SAR sensor, and all water bodies also appear dark or black in radar imagery [6] . Therefore, we must develop a method that can discriminate between flooded areas and other objects. The current research aims to overcome some of the drawbacks of the existing methods and to establish a reliable and precise technique to detect flood locations. We aim to apply change detection without requiring two SAR images; instead, we utilize the SAR imagery captured during flooding because it can penetrate cloud cover and record all of the objects on the terrain surface.
Furthermore, a cloud-free Landsat image recorded prior to flooding was used, as the free Landsat data can reduce the required budget for the project and provide the required information under proper weather conditions. It is a well-known fact that various features appear dark in SAR imagery, such as building roofs, paddy fields, and water bodies. These features are discriminated using the object-oriented rule-based classification method. This method considers other object characteristics, such as texture and shape [28] . Therefore, this procedure involves two steps: 1) recognizing water versus nonwater regions before and during flooding and 2) comparing the regions categorized as water or nonwater before and during flooding to detect flooded areas.
II. STUDY AREA AND DATA USED
In Malaysia, the Kuala Terengganu area has undergone much flooding over the last decade. Therefore, it was selected as the study area, in which the efficiency of the proposed method can be evaluated with respect to flood location detection (Fig. 1) . Terengganu is situated in Peninsular Malaysia and is bordered by the South China Sea in the east. On November 27, 2009, a disastrous flood struck this area as a result of heavy precipitation. Therefore, this research utilized two data sources: TerraSAR-X imagery captured during flooding and Landsat imagery recorded during a nonflood instance. The applied SAR data were collected by a TerraSAR-X satellite on November 27, 2009, using HH polarization, single look, and 3 m of spatial resolution. Furthermore, the data were composed of stripmap modus and short TSX-1 images with 16-b radiometric resolution. HH polarization data are less affected by the variations in the roughness of water surfaces as caused by wind or vegetation than other polarization types [1] . On October 21, 2009, Landsat imagery with a spatial resolution of 30 m was acquired. The image was obtained from path 126 and row 56. However, its spatial resolution was enhanced after pan-sharpening, which is described in the section on preprocessing. 
III. METHODOLOGY
The general methodology implemented in this study is shown in Fig. 2 . In the first stage, preprocessing was done for both images of Landsat and TerraSAR-X. Speckles were removed from TerraSAR-X using ISODATA method. Gap filling and pan-sharpening were applied for Landsat imagery in order to solve the problem of gaps in Landsat and increase the spatial resolution of this data. In order to perform object-oriented rulebased classification schemes, two main steps should be done. The first stage is segmentation, which defines the boundary of the objects. Here, Taguchi optimization technique was used in order to find the optimum segmentation combination. In the second stage, rules were defined, and classification was done based on the derived rules. Three classes of vegetation, water, and urban were produced using the Landsat image. Similarly, TerraSAR-X was classified into two classes of water and nonwater bodies. By subtracting the two classes of water bodies from Landsat and TerraSAR-X, flooded areas were extracted. As a last step, validation was done using a confusion matrix, and reliability of flooded area map was assessed. Each stage is detailed in the succeeding sections.
A. Preprocessing
The original images must be preprocessed to generate reliable and precise outcomes. The gaps in Landsat imagery must be filled, and the image must undergo pan-sharpening. However, the Landsat 7 scan line corrector tool, which was designed to correct the undersampling of the primary scan mirror, failed to work in 2003. This increased scan gap induced a loss of approximately 22% of Landsat ETM+ information. Nonetheless, the gaps can be filled through numerous methods. The current study applied the local linear histogram matching method because it is often used by various researchers due to its highly accurate results [29] , [30] . Reference [29] stated that the local linear histogram method is very simple and easy to implement and can resolve many of the missing-data problems. As stated in Section II, the Landsat imagery used in the current research was captured on October 21, 2009. The local linear histogram matching method filled the scan gap in the Landsat imagery obtained on August 18, 2009 . To do so, the precise information on the available pixels and the pixels that should be filled must be determined. A scan gap mask was produced for each band that displays existing data as 1 and that denotes the missing data in the scan gap and areas to be filled by 0. Once the gaps were recognized, the linear histogram matching detected linear transformation in the images. Moreover, the Landsat imagery was pan-sharpened using the Gram-Schmidt (GS) spectral sharpening method [31] . The spatial resolution of the Landsat image was 30 m; however, this method can improve this spatial resolution by merging the high-resolution pan image with the bands of low spatial resolution [32] . Therefore, the spatial resolution of Landsat was enhanced to 15 m after pan-sharpening.
Speckles should be removed from the TerraSAR-X image using appropriate filters [33] . Filters such as Lee, Frost, and mean can suppress and smooth out the speckle effect [6] . However, each filter performs differently; consequently, not all are equally appropriate. A filter should not distort and degrade the inherent texture of the image. Thus, some of the filters were evaluated based on signal-to-noise ratio (SNR). Based on the visual interpretation and SNR values acquired in the current research, the Frost filter was better than the other filters. It accurately displayed the study area with low noise and no blurring effect. A 4 × 4 window Frost filter was therefore utilized to remove the speckle from TerraSAR-X imagery [6] .
B. Rule-Based Classification
The classification techniques that are used to classify very high resolution optical images, including those of urban areas, are often unadaptable for SAR data. This unadaptability may be attributed to the spatial heterogeneity of urban areas. Therefore, the more advanced object-oriented rule-based method was used to classify the TerraSAR-X data. The rule-based classification method was also applied in Landsat imagery classification because of its efficiency [34] . Object-oriented classification is based on objects rather than on pixels using additional information, such as the texture and color of the objects [35] , [36] . Using this additional information, object-oriented classification recognizes features such as floods more effectively than pixelbased techniques. This method applies expert rules in classification and suitably extracts the spectral family of signatures for a specific class and the spectral overlap among classes (e.g., floods have spectral characteristics that are similar to rivers and paddy fields), which is induced by restrictions in spectral resolution and bandwidth [37] . Nonetheless, a researcher can set comprehensive rules using additional information on spectral, spatial, textural, and contextual factors [38] . Objectoriented classification can also be implemented using different software, including eCognition, ERDAS Objective, and Envi Zoom. The current research utilized ENVI software because it is proficient in such applications and contains the appropriate analysis tools. Moreover, this method involves two main steps, namely, segmentation and proper definition of rules [38] .
1) Segmentation Using the Taguchi Technique:
In objectoriented classification, parameters such as scale, color, shape, and segments should be defined properly to recognize flooded areas. Segmentation is the first stage in object-oriented analysis, and it partitions an image into nonoverlapping regions [39] . SAR imagery often varies little in terms of mean amplitude among different types of land use/cover (LULC) [40] . However, SAR amplitude fails to differentiate among different features and LULC types strongly. As a result, texture has been considered as the main segmentation parameter in SAR imagery classification under numerous applications [41] . Segmentation precision significantly influences the quality of the final classified map. Therefore, this study used the multiresolution segmentation algorithm. It began with one pixel and progressed until all of the criteria were fulfilled [39] . This type of segmentation was achieved through parameters such as scale, color, and shape, which generate 243 combinations for segmentation. However, the effects of each combination are time-consuming to evaluate. Hence, an appropriate optimization technique should be developed to reduce the number of examinations and thus accelerate segmentation and classification. In line with this requirement, the Taguchi technique can obtain the optimum combination of segmentation parameters [39] . Reference [39] used this method to optimize pixel-based and objectoriented classification in mapping the landslide locations in Kermanshah City, Iran. Their research investigated and confirmed the efficiency of this method. Therefore, the current study aims to utilize this technique to optimize the segmentation parameters. Taguchi tables facilitate easy and stable experimental designs. Therefore, only 25 experiments are selected for assessment by the Taguchi method in terms of the three segmentation parameters. Moreover, the plateau objective function (POF) was measured for each test to evaluate segmentation precision in each of the 25 experiments. POF is a combination of a spatial autocorrelation index and a variance indicator. Precise segmentation is represented by a high POF. More information about POF can be obtained from [39] . To apply the general steps in the Taguchi method, the following steps were performed. 1) The process objective was determined in the beginning. This step entails defining the possible values of a particular parameter for the process.
2) The parameters that can influence the process were then defined. These parameters (scale, color, and shape) exhibit variable values that can affect performance; thus, the level should be defined by the user depending on the parameter's effect on the process. For instance, a scale value can vary from 0.1 to 1.0. When the level increases, the number of experiments to be conducted will be increased as well. 3) An orthogonal array was created to design the condition and determine the number of experiments. Selecting the orthogonal array depends on the number of levels and the number of parameters. 4) The experiments were then applied after the appropriate array had been selected. The effect of each parameter on the performance was then measured.
The loss function can be calculated as follows [42] :
where T is the target value of y and the measured value y is a loss function. K c is the constant in the loss function that can be calculated by considering the acceptable interval as follows:
where C is the loss associated with sp limit and Δ is the deviation of the specification from the target value. When whole parameters that affect the process are defined, the level of each parameter should also be defined. The level refers to the probable value of each parameter in terms of maximum, minimum, and current values. In the case of a big gap between the minimum and maximum values of a specific parameter, additional levels are added to that parameter. The proper array was selected after the number of parameters and levels have been defined. A constant array was found for the Taguchi method. Each array can be selected depending on the parameters and levels. Table I was created using an algorithm of Taguchi. In the case of three parameters and two levels, L25 array was selected. The array assumes that the number of levels is equal for each parameter. Otherwise, the assumption will be based on the highest value.
2) Rule Definition: Rule-based classification aims to enhance feature classification precision. This method can reduce confusion errors among spectrally similar categories [43] . Moreover, a user can create and flexibly manipulate rules until the best classification results are obtained. The necessary rules were manually defined according to the segment attributes of both images. Tables I and II list the rules defined for the Landsat and TerraSAR-X imagery in the current research. 
C. Iterative Self-Organizing Data Analysis Technique (ISODATA) Classification
Another classification method was used for comparison with the acquired results to evaluate the efficiency of the proposed rule-based method. ISODATA is one of the most popular classification algorithms in image processing that requires few parameters, such as the number of classes to be derived, the number of iterations, and the threshold value [44] . In the current research, the algorithm was set to 10-20 classes, with a threshold of 5% and 1 iteration. ISODATA is an unsupervised statistical classification technique that produces a well-defined pixel or object classification. It entails assigning each pixel or segmented object to a specific class. Supervised classification methods require the user to define the characteristics of the classes prior to classification; unsupervised methods rely on the classification process itself to define the classes [45] . Unsupervised classification techniques create natural groupings of data in attribute space that can be used to obtain insight into the data structure. The ISODATA method is mostly used for satellite image classification. Spectral reflectance from different bands is used to find classes in multidimensional attribute space. The classification outcome should be analyzed by the user who has knowledge and experience of the features. In certain cases, the program assigns data to the classes that they do not really belong to [46] . The reason is that ISODATA is not very robust compared to other advanced classification techniques such as the rule-based method. It is unsupervised, and all of the decision was made based on spectral information. Hence, it is possible that some pixels are classified wrongly.
D. Validation
The accuracy of the generated flood inventory map can be determined based on the completeness of the map and the precision of the information shown [47] . The efficiency and the quality of the generated inventory map can be assessed using various methods. A popular method involves the development of a confusion matrix [48] , [49] . The ground truth data for TerraSAR-X were collected from field survey from November 27 to 29, 2009 . The number of locations that were used to perform accuracy assessment was 105, which were collected by GPS during field surveying. During the surveying, the boundaries of the flooded areas were measured. The number of the observed locations varies based on the area of the flood, where bigger areas had more observation compared to the small ones. However, the 105 sites represent the flood events rather than the number of the observation. Regarding the Landsat accuracy assessment, samples were collected from field surveying in 2009 and reference maps from Jabatan Ukur Dan Pemetaan Malaysia (JUPEM). Confusion matrix can be used to conduct four types of accuracy assessments that are related to different aspects, and it can determine the overall accuracy, producer accuracy, user accuracy, and kappa coefficients [34] . Overall accuracy is measured as the total number of correctly classified pixels divided by the total number of test pixels. Producer accuracy is related to the probability that the specific land cover of an area is classified as such. User accuracy is associated with the probability that a pixel is accurately labeled as a certain land cover class in the map. Kappa coefficient is the difference of the actual agreement between the reference data and an automated classifier from the chance agreement between the reference data and a random classifier [50] .
IV. RESULTS

A. Optimization and Segmentation Results
As mentioned in the methodology section, 243 combinations can be defined using three parameters, namely, scale, color, and shape. The Taguchi optimization technique reduces the number of experiments reduced to 25, as shown in Table III. This table  represents the experiments selected (available combinations) given the segmentation parameters and the measured POFs for each combination. 40, 0.1, and 0.3 for scale, color, and shape, respectively. By contrast, the maximum POF of 1.380 for the Landsat image combined parameter values of 80, 0.1, and 0.5 for scale, color, and shape, respectively. Thus, these two combinations are the optimum segmentation parameters for the two data sets. The generated segmentation maps are depicted in Fig. 3 . Fig. 3(a) displays the segmentation of the entire Landsat scene; however, Fig. 3(b) displays only a small portion of the segmented TerraSAR-X image given its very high spatial resolution. This small region is presented for enhanced visualization because the segmented areas were very small and could not be observed from afar.
The optimum segmentation parameters determined using the Taguchi technique were used to recognize object boundaries with reasonable accuracy. The precision of this segmentation was assessed visually as the boundaries of most of the objects were detected accurately. The results also confirmed the efficiency of the multiresolution segmentation approach.
B. Classified Maps
The two images of TerraSAR-X and Landsat were classified according to the segmentation results and the defined rules. Fig. 4(a) illustrates the classified map of the TerraSAR-X image using the rule-based method, which contains two classes, namely, water and nonwater bodies. Fig. 4(b) depicts the classified map of Landsat imagery, which consists of three classes, i.e., urban, vegetation, and water. Furthermore, the classified TerraSAR-X map using ISODATA can be seen in Fig. 4(c) .
The extent of the water bodies visualized in the classified Landsat image [Fig. 4(b) ] was less than the amount of water bodies depicted in the TerraSAR-X image [ Fig. 4(a) ]. The water bodies detected in the classified TerraSAR-X map are TABLE IV  CONFUSION MATRIX FOR TERRASAR-X USING RULE BASED IN  OBJECT-BASED CLASSIFICATION   TABLE V  CONFUSION MATRIX FOR TERRASAR-X  USING ISODATA CLASSIFICATION   TABLE VI  CONFUSION MATRIX FOR LANDSAT flooded regions; by subtracting the two classified water bodies, we determined the locations of the flooded areas. As can be seen in Fig. 4(c) , considerable misclassifications are evident Tables I and II. A confusion matrix was generated to assess the efficiency of the proposed method and to evaluate the generated flood inventory map. Tables IV and V display the confusion matrix results for the classified maps of TerraSAR-X using the rule-based and ISODATA classification methods, respectively. Moreover, Table VI shows the confusion matrix results for Landsat images.
The overall accuracies of the classified maps of the TerraSAR-X and Landsat images were 86.18 and 93.04, respectively, thus indicating that the rule-based method efficiently discriminates between objects. As a result, an accurate classification map is produced. Moreover, the kappa coefficients were 0.72 and 0.77 for the TerraSAR-X and Landsat classified maps, respectively. Both accuracy assessment results suggest that all of the user and producer accuracy values are reasonably high, thereby suggesting that the generated classes are reliable. The flood location map was constructed by subtracting the two derived water bodies; thus, their accuracy values directly affect map precision. Statistically, 69% of the flood took place in the vegetation areas, and the rest happened in the urban areas. The confusion matrix indicated that both water bodies had high producer and user accuracy values, thus confirming the reliability of the final flood location map generated. However, the overall accuracy achieved by ISODATA was 57.98, which is considerably less than the acquired accuracy from the rulebased method.
V. DISCUSSION
This study has presented an approach to overcome the difficulties in flood detection by combining Landsat (medium spatial resolution) and TerraSAR-X (high spatial resolution) imageries. The results of our study correspond with other works suggesting that Landsat data can be useful for water area extraction and mapping [51] , [52] . Current research then extends previous studies on combination of various sensors for flood detection using optical and active sensors [53] , [54] .
The main rationale of using Landsat data in current study was to extract the water bodies before flooding. This can be done using many ways; however, the aim was to use purely spaceborne remote-sensing-based methods in a cost-effective way. The difference in the spatial resolution can be an issue. However, in this study, the accuracies acquired from both Landsat and TerraSAR-X classifications were reasonably similar, which proved that both datasets were applicable for such application.
In Fig. 5(a) , several of the flooded locations were in hilly areas. Overlay analysis was conducted to assess the precision of the proposed flood detection method and the derived flood inventory. Elevation was masked using the detected flooded locations (Fig. 6) . Most of the flooded areas were located in an elevation of 2-280 m. The elevation of the whole study area ranged between 0 and 1445 m.
TerraSAR-X could perform better than Landsat in classifying areas near rivers. The efficiency of TerraSAR-X in flood studies has been proven by current and various researches [55] . Misclassifications were visible in the Landsat image because of the segmentation process. For example, the existence of wetlands near the river or in the boundary of the river could be segmented as a water object. Moreover, Landsat showed misclassification in high-contrast areas such as a city with vegetation areas in the midst of urban spaces [56] , [57] . TerraSAR-X works well in less dense vegetation areas because the radar's beam cannot penetrate through the vegetation [58] , [59] . TerraSAR-X showed misclassification in urban and vegetation areas where buildings and long trees coexist [60] .
The proposed method works reasonably well in open areas or regions without tall structures. Therefore, accurate classification can be obtained in rural areas, but accuracy will be reduced in urban areas partly because of the restricted visibility of TerraSAR-X of the ground surface owing to shadow and layover [33] , [61] . The algorithm proposed by [62] proved that flooding in rural areas can be detected by TerraSAR-X with good accuracy and in urban areas with reasonable accuracy. The accuracy was reduced in urban areas partly because of TerraSAR-X's restricted visibility of the ground surface attributed to radar shadow and layover. This problem can be solved using another data source (e.g., such as airborne laser scanning data, i.e., LiDAR), where the area behind the tall feature can be modeled [33] , [63] , as proposed by [33] . However, obtaining airborne laser scanning data is a very expensive affair and not easily available for less developed countries.
Another limitation of this method shows when the flooded areas are wetlands, such as farmlands where the differentiation between the flooded areas and the water for planting is difficult [64] , [65] .
The TerraSAR-X data used in the current research were HH polarized. Such polarization data are less affected by variations in water surface roughness caused by wind or vegetation compared to other polarization types [66] . Moreover, the HH-polarized backscattered coefficient generally presents a higher contrast between water and land surfaces [67] . Accuracy assessment showed that the rule-based method is significantly stronger than the unsupervised ISODATA method. Therefore, the proposed methodology is an easy, rapid, reliable, and low-cost procedure to map flood locations. Researchers may use this method to construct a flood inventory that will serve as basis for flood susceptibility, hazard, and risk analyses.
It has been shown that the accuracy of Landsat is limited if the object has less than two pixel size. This may cause some problems covering the small streams where it is the case in some parts of this study. Moreover, some other streams were too narrow to not be detected by both sensors. This can be one of the sources for some of the misclassification [15] .
On the other hand, when comparing Landsat and TerraSAR-X classified results visually, the active sensor has less misclassification mostly due to the high spatial resolution and the high capability of the active sensor in detecting the water bodies. This statement has been proven by many studies which utilized SAR data to recognize the flood locations [68] - [71] . The shadow did not have a significant influence as most of the area is an open area. Moreover, even in the urban areas, there are no tall buildings that exist to create the problem of shadow, which could enhance the result. This issue may be resolved by user interaction to correct some of the parts where it is a well-known area, but it is time-consuming.
When comparing the proposed method in this study to other studies, two published papers were considered. The first one is "Flood detection in urban areas using TerraSAR-X" authored by [33] , and the second one is "The accuracy of sequential aerial photography and SAR data for observing urban flood dynamics, a case study of the UK summer 2007 floods" authored by [63] . In both of the aforementioned studies, the authors aimed to estimate the regions of the image in which water would not be visible due to shadow or layover caused by buildings. However, in the current case study, most of the area is flat (plain), and the buildings are not tall enough to make a considerable shadow effect.
Finally, in the current research, three issues can be highlighted: the complimentary use of freely downloadable optical Landsat data in flood studies, the segmentation process using the Taguchi algorithm, and the rule-based-object-based method. It is proved that Landsat has significant capability in this kind of research; however, the differences in the spatial resolutions made few misclassifications in the boundary of the water bodies such as river. On the other hand, the Taguchi method was very helpful in reducing the time required to employ all possible segmentation combinations as it reduced the number of possible combinations from 243 into 25 experiments. Finally, the rule-based object-based method performed better than the unsupervised classification ISODATA algorithm, although both were applied on the segmented data.
VI. CONCLUSION
Flood detection and inventory map production are very important in the assessment of natural hazards and in the prevention of flood in tropical areas. Some of the optical sensors cannot capture data effectively during flooding because of cloud cover. This limitation can be overcome by the introduction of very high resolution active sensors, which have revolutionized hazard studies. The current research developed an efficient flood mapping method to facilitate and enhance the application of traditional flood detection methods, some of which are timeconsuming, are costly, and require much work. This study detected flooded areas precisely and rapidly using only two data sets and through a simple analysis. The state of Kuala Terengganu in Malaysia was selected as the test bed site because it frequently experiences flooding. The object-oriented rule-based classification method was used to extract the water bodies from TerraSAR-X data obtained during a flood event. Furthermore, Landsat imagery was captured prior to flood season, which denotes the period in which flooding did not occur in the study area. The water bodies from Landsat imagery were mapped using the same classification technique and were subsequently subtracted from the TerraSAR-X-derived water bodies. The remaining water bodies represented the flooded locations in the study area. The quality of the study was enhanced by the Taguchi optimization technique, multiresolution segmentation, and rule-based classification. These techniques also expedited the process. The ISODATA classification method was used to map the TerraSAR-X for comparison purposes. The precision and reliability of the proposed method were assessed by a confusion matrix, and the acquired accuracy values proved the applicability of the proposed method in flood inventory mapping. ISODATA was incapable of mapping the water bodies with acceptable accuracy. Thus, this method is not applicable in flood detection studies. Unsupervised methods do not use the characteristics of the object, such as texture and shape, in classification. The proposed rule-based method can be used in flood detection in tropical and nontropical areas with acceptable accuracy and reduced budget. Planners and researchers can therefore use the derived maps to study flood susceptibility, hazard, and risk mapping further.
